This paper studies the determinants of total factor productivity (TFP) for manufacturing firms in Bangladesh using data from a recent survey. TFP measures are obtained following Olley and Pakes (1996) and making use of firm-specific deflators for output and inputs. Controlling for industry, location, and year fixed effects, we find that: (i) firm size and TFP are negatively correlated; (ii) firm age and TFP exhibit an inverse-U shaped relationship; (iii) TFP improves with the quality of the firm's human capital; (iv) global integration improves TFP; (v) firms with R&D activities and quality certifications have higher TFP, while more advanced technologies improve TFP only in the presence of significant absorptive capacity; (vi) power supply problems cost firms heavily in terms of TFP losses; and (vii) the presence of crime dampens TFP. JEL Classification Numbers: D24, F23, L25 O33.
Introduction
A major stylized fact uncovered by the empirical industry evolution literature in developed as well as developing countries is the enormous degree of heterogeneity in productivity across firms even within narrowly defined manufacturing industries (Bartelsman and Doms, 2000; Tybout, 2000) . It has also been shown that long-term growth and development across countries is driven to a large extent by productivity growth (Easterly and Levine, 2001) . From a policy perspective, it is therefore crucial to understand which factors underlie the heterogeneity in productivity across firms and which are associated with higher productivity.
The literature has proposed various potential determinants of firm productivity. A strand of research has focused on the role of openness and international integration for firm total factor productivity (TFP), following the theoretical insights from the endogenous growth literature. A large number of studies show a beneficial effect of exports on firm TFP (e.g., Kraay, 1999; Blalock and Gertler, 2004; Fernandes and Isgut, 2006) . 1 Another set of studies investigates the effects of foreign ownership on firm TFP (e.g., Arnold and Javorcik, 2005; Kee, 2005) . A different literature examines the importance of human capital and training for firm TFP (e.g., Tan and Lopez-Acevedo, 2002; Aw et al., 2005 ). Yet another literature assesses the impact of research and development (R&D) activities on firm TFP (e.g., Griliches, 1998) . Finally, a recent literature focuses on the role of the business environment for firm TFP (e.g., HallwardDriemeier, et al., 2003; Dollar, et al., 2005) .
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Our paper contributes to the literature by integrating into a single analytical framework various TFP determinants that have been analyzed separately in previous studies: human capital, integration into world markets, technology, finance, business environment, as well as firm size and age. Using data from a recent survey of manufacturing firms in Bangladesh, we estimate consistent TFP measures for the period 1 See also Wagner (2006) for a thorough review of the literature on exports and productivity. 2 Similar types of factors have been considered in the macro literature to explain differences in growth across countries. Olley and Pakes (1996) and study the determinants of TFP. An important feature of our study is the use of firm-specific output and input price deflators which results in TFP measures that capture true firm efficiency, rather than a mix between firm efficiency and firm market power, as in previous studies.
1999-2003 following
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Bangladesh is an interesting country for our study for two reasons. First, the evidence on the determinants of firm productivity in low-income countries is rare. 4 Most productivity studies have focused on middle-income countries in Latin America or
Eastern Europe due to data availability reasons. Second, the manufacturing sector in
Bangladesh is particularly dynamic, having experienced very strong growth since the liberalization of the 1990s in terms of total value-added and exports, largely driven by the ready-made garments sector.
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Our main findings are as follows. First, we find an inefficient allocation of resources within the pharmaceuticals, leather/footwear, and textiles industries during the sample period, as less productive firms have a higher share of total industry output.
Second, our econometric results identify important determinants of firm TFP, controlling for industry, location, and year fixed effects. Smaller firms are significantly more productive than firms in the largest size category (more than 500 workers). Firm age and TFP exhibit an inverse-U shaped relationship. Firms with a more skilled workforce and more educated or more experienced managers are more productive. Firm TFP benefits from the integration into world markets: foreign-owned firms and exporters have significantly higher TFP. Firms with staff engaged in R&D activities and firms with quality certifications have higher TFP. However, firms with more advanced technologies improve TFP only in the presence of significant absorptive capacity. While firms with an overdraft facility have significantly higher TFP, firms with access to a bank loan have significantly lower TFP. Power supply problems have a significant negative effect on firm TFP. The presence of crime in industries and locations hurts firm TFP.
3 Bartelsman and Doms (2000) and Katayama et al. (2003) describe the problems associated with TFP measures that rely on output and input measures constructed using industry-specific, rather than firmspecific, deflators. 4 Dollar et al. (2005) study firm productivity in low-income countries (Bangladesh included) but do not consider a comprehensive set of determinants as they focus on business environment factors. 5 Since 2000, manufacturing exports represent more than 90% of total exports of Bangladesh.
The paper is organized as follows. In Section 2, we obtain firm TFP measures and describe briefly the trends in TFP across industries. In Section 3, we examine the determinants of firm TFP. Section 4 concludes.
Obtaining Firm TFP Measures
Data
Our analysis uses data from a firm survey conducted by the World Bank in
Bangladesh between November 2004 and September 2005 in five industries: food, leather/footwear, pharmaceuticals, ready-made garments, and textiles. The sample used in the econometric estimation includes 575 firms, where each firm has at most 5 years of production data. Appendix Table 1 describes the composition of the sample. The majority of firms in the sample belong to the ready-made garments industry. This reflects the importance of the sub-sector in manufacturing in Bangladesh, but also the sample design. 6 Within ready-made garments, 86% of firms belong to the woven sub-sector, 21%
belong to the knitwear sub-sector, and 13% belong to the sweater sub-sector. Most firms in our sample have more than 50 workers, although the size distribution varies significantly across industries. 7 About a quarter of the firms in the leather/footwear industry are small or medium, i.e., have less than 50 workers. Since our survey covers mostly firms with more than 50 workers, our findings are representative only for the segment of larger manufacturing firms in Bangladesh. Our sample is constituted of relatively young firms, i.e., more than 50% of firms are less than 10 years old while a third of the firms are 10 to 20 years old. About one-half of the firms are located in Dhaka while 17% are located in Chittagong (excluding the Export Processing Zones (EPZ)). 6 A sample of 700 firms composed of 350 firms in the ready-made garments industry and 350 firms in the other industries was drawn. Covering 10% of registered firms in the ready-made garments industry (350 firms) was a condition required for a World Bank (2005) study which financed the survey. Effectively, data was collected for 350 firms in the ready-made garments industry and 332 firms in other industries due to survey non-response for 18 firms. The final sample of 575 firms was obtained after the elimination of firms suffering from data problems, as described in the Appendix. 7 We adopt the size classification used in the Bangladesh Census of Manufacturing Industries (CMI): "small" firms have less than 10 workers, "medium" firms have between 10 and 50 workers, and "large" firms have more than 50 workers. We divide the large firm category into 3 additional sub-categories: "relatively large" firms have between 50 and 150 workers, "very large" firms have between 150 and 500 workers, and "extremely large" firms have more than 500 workers.
However, the location of firms differs across industries: e.g., firms in the leather/footwear and pharmaceuticals industries are more strongly concentrated in Dhaka.
The survey collected a wealth of information on production variables, firm characteristics, and aspects of the business environment. 8 Appendix Table 2 shows summary statistics for the main production variables across industries. Firm characteristics differ significantly across industries which is not surprising given the differences in production processes, in the nature of the materials, and in the outputs Table 2 is the large degree of heterogeneity across firms within any industry, seen in the coefficient of variation of the production-related variables, which is often much larger than one, particularly for investment and capital. In any given industry, at a point in time, there are very different firms -some smaller, other larger, some highly capital-intensive, other labor-intensive -producing similar types of products. Such heterogeneity results in heterogeneity in performance.
TFP Estimation
Firm TFP measures are not observable to the researcher, however they can be obtained as residuals from a production function. For each of the five industries, we estimate the following Cobb-Douglas production function, where output Y it is produced by a combination of three inputs: labor L it , materials M it , and capital K it :
8 The survey questionnaire shares in common many questions with the World Bank's Investment Climate Surveys (http://iresearch.worldbank.org/ics/jsp/index.jsp) and is available upon request. 9 For simplicity, we omit the industry superscript j from the variables.
A it is TFP which represents the efficiency of the firm in transforming inputs into output.
Using ordinary least squares (OLS) to estimate the production function
assumes that input choices are exogenous. However, firm input choices are endogenous. For example, the number of workers hired by a firm and the quantity of materials purchased may depend on unobserved managerial ability, which is part of TFP known to the firm but not observable by the researcher. Since input choices and productivity are correlated, OLS production function estimates are biased.
10 This endogeneity bias can be partly corrected using fixed effects estimation for the production function, which eliminates unobservable fixed firm characteristics that may affect simultaneously input choices and TFP. However, there may still be unobserved timevarying firm characteristics affecting simultaneously input choices and TFP. We follow the estimation methodology proposed by Olley and Pakes (1996) to correct for the potential simultaneity bias generated by such firm time-varying unobservables. The main idea behind the methodology is that an observable firm characteristic -investment -can be used to proxy for the unobserved firm productivity and estimate unbiased production function coefficients. The Appendix describes the methodology in detail.
The survey includes information on output and inputs, summarized in Appendix Table 2 , needed for the production function estimation. Labor is measured by the total number of workers. The capital stock is obtained by cumulating deflated flows of investment using the perpetual inventory method formula. 11 Output is measured by deflated sales. An important advantage of our measure relative to those used in other studies is that we deflate nominal sales by firm-specific output deflators, which are based on a survey question on annual changes in the price of the firm's main product. Materials is measured by deflated material costs. Again, our measure has the advantage of being deflated by firm-specific materials deflators, which are based on a question on annual changes in the price of the firm's main materials. Previous studies have used industryspecific deflators to obtain the output and materials measures. The problem with that approach can be understood by the following example. Large firms are likely to have market power in product markets and monopsony power in input markets and may thus 10 See Levinsohn and Petrin (2003) for more details on the bias of OLS production function estimates. 11 Details on the construction of the capital stock are provided in the Appendix.
charge high prices relative to the industry output price and pay lower prices for materials relative to the industry materials price. 12 Deflating the sales (materials costs) of large firms by the industry output (materials) price will overestimate (underestimate) their output (materials costs). Hence, TFP measures obtained as residuals from a production function estimated using those deflated output and inputs would be overestimated for large firms since they combine true efficiency and price-cost mark-ups. Given the use of firm-specific deflators, our TFP measures capture true firm efficiency. Note also that we implement stringent criteria so that our results are not driven by outliers.
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The production function coefficients are shown in Table 1 for OLS, fixed effects, and Olley and Pakes (1996) estimation. These estimates are in line with those from previous studies. The coefficients on materials and labor are highly significant, while that on capital is not significant in some industries. Given the usual measurement problems with the capital stock, this is not surprising. 14 The Olley and Pakes coefficients on labor (capital) tend to be lower (higher) than those obtained from OLS estimation, indicating the correction of the simultaneity bias. Returns to scale are increasing in all industries.
Using the consistent production function coefficients ( )
, we compute timevarying TFP measures for each firm as:
Trends in TFP across Industries
Industry TFP
We begin by exploring the dynamics of TFP in our five industries. Figure 1 shows the trends in industry TFP obtained as a weighted average of firm TFP, with weights given by firms' shares in total sales of the industry and year. Since our sample period is short, the findings on industry TFP need to be interpreted as short-run trends in industry 12 These arguments assume that product and input markets do not operate under perfect competition. 13 See the Appendix for details on the outlier criteria implemented. 14 The fixed effects estimates of the capital coefficient are generally negative. This is expected as fixed effects estimation relies on within-firm variation over time and thereby exacerbates measurement error problems which are very prominent for capital. 15 We also obtain TFP measures as residuals from production functions estimated by OLS and by fixed effects. For all industries, our Olley and Pakes TFP measures and the OLS and fixed effects TFP measures are positively and significantly correlated. However, given the aforementioned problems with OLS and fixed effects estimates we do not use the corresponding TFP measures in the rest of the analysis.
performance. Moreover, note that this type of analysis emphasizes the trends in TFP for larger firms, which enter with a larger weight in the calculation of industry TFP.
The dynamics in TFP differs enormously across industries. In the pharmaceuticals, food, and leather/footwear industries, TFP increases in the earlier part of the period, then declines, and finally recovers strongly in 2003. In contrast, in the ready-made garments industry, TFP declines in 1999-2000 and then stagnates until 2003.
In the textiles industry, TFP increases in 1999-2002 but declines sharply in 2003.
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Figure 1 also shows the evolution of average labor productivity across industries. 17 While the movements in labor productivity track closely those in TFP for the pharmaceuticals, ready-made garments, food, and leather/footwear industries, the opposite is verified for the textiles industry.
Year-to-year fluctuations in industry TFP need to be viewed with caution. Such fluctuations can be due to short-run factors such as a very large demand shock experienced by some firms in a given year. If the ensuing sales increase is not persistent and does not result in changes of firms' production structures, then the demand shock results in a peak in TFP in a single year. To mitigate these problems, we focus in Table 2 on the average growth rates in industry TFP and labor productivity over the [1999] [2000] [2001] [2002] [2003] period. Relative to growth rates of TFP observed across countries -often less than 1% per year -some of our industry TFP growth rates are relatively high, which could be due to data idiosyncrasies, despite our careful elimination of extreme values from the sample.
Hence, we focus on the direction, rather than on the magnitude, of the changes in TFP in 
Average and Median Firm TFP Growth across Industries
The analysis in the previous section examined industry TFP growth based on weighted averages of firm TFP across industries. 18 That analysis informs policy-makers and researchers about the trends in TFP for larger firms. However, it is also -perhaps more -interesting to understand the trends in TFP growth for the "average" firm and for the "median" firm in each industry. In Table 3 , we document the changes in average and median firm TFP growth across industries. 19 This approach gives the same weight to each firm within each industry. Moreover, the analysis of median TFP growth is more robust to the presence of extreme values. The findings using this approach differ significantly from those in the previous section for industry TFP. 18 Note that we use the expression "growth rates" to designate both positive and negative changes in TFP. 19 The median firm TFP growth rate in an industry and year is the growth rate such that half the firms in that industry and year have lower TFP growth rates and half the firms have higher TFP growth rates. 20 While the more extreme values of TFP growth do not affect the magnitude of median TFP growth, they strongly influence average TFP growth. 21 Median TFP growth in the sweater sub-sector is positive during the period and thus differs from the evolution for ready-made garments as a whole.
2003
. 22 The three inputs exhibit different dynamics throughout the sample period. Figure 1 .
The findings in Sections 2.3.1.-2.3.2 are based on a sample of manufacturing firms, rather than a full census of manufacturing firms in Bangladesh. Given the size distribution of firms in our sample, we can only claim that our findings on TFP growth rates are representative of the growth rates for larger manufacturing firms.
Industry TFP and Allocative Efficiency
For any given industry and year, aggregate TFP may grow (decline) because all firms become more (less) productive or because output is reallocated towards the more (less) productive firms. Olley and Pakes (1996) propose an interesting decomposition of 22 Within the ready-made garments industry, median output growth is positive and very strong in knitwear and sweater in all years but is negative in woven until 2002. 23 Within the ready-made garments industry, median employment growth is highest in knitwear. 24 Average and median real investment rates are shown in Appendix leather/footwear, and textiles industries, the covariance term is negative, suggesting that in these industries less productive firms have a higher share of output. To be precise, in the leather/footwear industry, the covariance term is close to zero, which implies that there is essentially no correlation between firms' TFP and firms' shares in total sales in that industry. Overall, the decompositions of industry TFP suggest that in the pharmaceuticals and textiles industries, and to a lesser extent the leather/footwear industry, the distribution of output across firms is not efficient. This inefficiency may be related to the lack of competition -perhaps import competition -or to bankruptcy rules and the lack of markets for used capital that prevent the exit of less productive firms.
Some unproductive firms may have been shielded from competition in Bangladesh, remained in business and grew large (in terms of output), although, for efficiency purposes, the industry would be better off selling those firms' assets and reallocating their market shares to more productive firms.
We should note, however, that most TFP growth and decline across industries is accounted for by growth and decline in the unweighted average firm TFP, not by the reallocation of output across firms. Also, the negative reallocation terms are not systematically related to the direction of industry TFP growth in the leather/footwear and textiles industries. In the food industry, however, the switch from an inefficient to an efficient resource allocation in 2001 is associated with strong positive TFP growth in that year.
The use of these decompositions illustrates the importance of using the Olley and Pakes (1996) methodology to correct for the endogeneity of input choices with respect to TFP. We also calculated a weighted average industry TFP based on the OLS production function estimates and decomposed into the two aforementioned terms. According to this decomposition, the covariance term is positive in most industries and years, suggesting an efficient allocation of resources. However, the OLS coefficient on capital tends to be underestimated which leads to an overestimation of TFP OLS for firms with large capital stocks. Since firms with large capital stocks generally have large sales and market shares, the covariance term between TFP OLS and market shares is erroneously high. Using the Olley and Pakes (1996) coefficient on capital, TFP is not overestimated for firms with large capital and large sales, and thus the more realistic covariance term derived turns out to be negative for some industries.
Determinants of Firm TFP
Empirical Framework and Econometric Problems
This section examines the determinants of firm TFP in Bangladesh, considering a comprehensive set of policy-relevant factors which are considered in different strands of the literature but have generally not been integrated into a single analytical framework.
We study how each of the following factors -human capital, integration into world markets, technology, finance, and the business environment -promote or constrain firm TFP. In addition to these factors, we also focus on the role of firm size and age. With i designating a firm, t a year, j an industry, and r a location, the empirical reduced-form specifications that we estimate are given by: Our estimation suffers from several potential econometric problems and consequently our results need to be interpreted with caution. First, there is a problem of endogeneity for several of the aforementioned factors. The direction of causality may actually run from TFP to a given determinant. For example, if we find that exporters are more productive, it is not fully clear whether it is the fact that firms export that leads to higher TFP or it is the case that firms with higher TFP are those able to break into export markets. In theory, such problems could be solved if we had instrumental variables correlated with the TFP determinants but not with TFP. In practice, such variables are not available, particularly given the large number of factors considered in our analysis. Our approach to deal with the endogeneity problem is to include in our regressions industry, location, and year fixed effects, firm age, and firm size. These variables control for potential unobserved factors that may affect the determinants of TFP and TFP itself. The impact of the TFP determinants that is estimated when all control variables are included is more likely to reflect causality from the determinants to firm TFP. For business environment factors, our approach takes an additional step. We include in our regressions averages of the business environment variables at the industry-location level, instead of including business environment variables at the firm-level. The rationale for this approach is that the business environment is likely to be similar for firms in given industry and location. Moreover, it is plausible to assume that for an individual firm the business environment in its industry and location is exogenous.
Second, given the large number of potential determinants of TFP, our regressions may suffer from a multicollinearity problem. If some of the determinants are correlated, the results from the regressions including many determinants can be difficult to interpret.
Our approach to address this problem is to also estimate regressions that include a single determinant at a time along with basic control variables (industry, location and year fixed effects, firm age and size). Such regressions do not suffer from the multicollinearity problem but suffer from an omitted variables' problem. If the effect of a given determinant on firm TFP is qualitatively similar in both the regressions that include all determinants and the regressions that include only that determinant, we have more confidence on the sign and significance of its effect on TFP.
Third, our specifications suffer from the fact that many of the determinants of TFP are available for each firm in a single year, while TFP is available for four or five years. For estimation purposes, we assume that those determinants are constant over the sample period. While this is a relatively safe assumption for business environment variables, it may be somewhat restrictive for other variables such as, e.g., human capital or technology-related variables. The lack of variability over time in some determinants works against our finding of significant effects, as the variability would help identify their effect on firm TFP. Also, note that the lack of time variability in many of the determinants prevents us from using fixed effects estimation. Instead, we estimate all our specifications by OLS but we include a rich set of control variables to account for unobserved factors potentially influencing TFP and its determinants.
Determinants of Firm TFP
We now briefly discuss the measures for the five types of determinants of firm TFP considered in the econometric analysis.
1) Human Capital
The human capital factor is measured by the education and experience of the manager, and by occupation-based as well as education-based measures of workforce skills. Panel A of Appendix Table 3 describes the human capital characteristics of firms in our sample. In the pharmaceuticals, food, and textiles industries, more than 70% of firms are run by managers with post-graduate education. However, that percentage is much smaller in the ready-made garments and leather/footwear industries. The lower educational achievement of managers in the leather/footwear industry may be compensated by their longer work experience: 16.4 average years of experience relative to only 8.2 in the ready-made garments and textiles industries. In contrast to the often highly educated managers, college-educated workers represent a very small percentage of total workers, ranging from 3.2% in the footwear/leather industry to 24.4% in the pharmaceuticals industry. These figures reflect the poor average educational achievement in Bangladesh: 2.6 years of education for the population as a whole in 2000 according to Barro and Lee (2000) statistics. In contrast, skilled workers -the sum of professional, technical, administrative, managerial, and skilled production workers -represent more than 60% of total workers in all but the pharmaceuticals industry. There seems to be a very important distinction between an educated workforce, which is lacking in all industries, and a skilled workforce, which is available in all industries. The difference in summary statistics for occupation-based versus education-based measures of skills is explained can be explained by skilled production workers. Production workers are a large fraction of the workforce in many firms and are likely to be proficient at what they do by virtue of experience or ability but they do not necessarily -most often don't -have a large number of formal years of education.
2) Integration into World Markets
Firms can be internationally integrated by virtue of ownership or by selling their products in foreign markets. Panel B of Appendix Table 3 shows the summary statistics for foreign ownership and exports. Foreign-owned firms represent about 10% of our sample. However, the leather/footwear industry has a much smaller proportion (4.2%) of foreign-owned firms. Export orientation varies significantly across industries. While virtually all firms in the ready-made garments industry and 91.7% of the firms in the leather/footwear industry are exporters, only 26% of firms in the pharmaceuticals industry export. In the ready-made garments and leather/footwear industries, most of the firms are majority exporters, i.e., they sell more than 50% of their output in export markets. In contrast, in the pharmaceuticals industry there are no majority exporters.
Finally, firms in the garments and footwear/leather industries have on average a much longer experience in export markets than firms in other industries. 
3) Technology
Technological progress is often measured by TFP growth for lack of more direct measures. In this paper, however, we rely on observable measures of technology.
Measures such as the percentage of computerized machinery and the percentage of new 28 We use detailed information to construct the export experience variable. The survey asks the year since when a firm has exported, whether and in which year the firm has interrupted exports and if the firm interrupted exports, in which year exports restarted. highest in the pharmaceuticals industry and lowest in the leather/footwear industry.
4) Finance
To address the role of financial constraints for firm performance, we use several measures: a dummy variable for firms having an outstanding loan, a dummy variable for firms with an overdraft facility or line of credit, and the percentages of working capital and of investments financed by banks and related institutions. 29 Panel D of Appendix Table 3 shows summary statistics for the finance variables. In all but the ready-made garments industry, more than 60% of firms report having an outstanding bank loan. Also, in all industries more than 60% of firms have an overdraft line of credit. However, less than 50% of working capital and less than 30% of investments are financed by banks and related institutions on average. In particular, the firms in the footwear/leather industry finance only 6.3% of their investments by banks and related institutions, while firms in the ready-made garments industry finance only 16.3% of their working capital by banks and related institutions.
5) Business Environment
The business environment corresponds to the institutional, policy, and regulatory environment in which firms operate. While most previous studies relied on managerial opinions and perceptions about the business environment, our survey has the advantage of including objective measures that capture institutional and policy weaknesses affecting firms. Our measures cover different dimensions of the business environment.
Bureaucracy and government efficiency in providing services are captured by the number of days needed to clear customs for imports and the percentage of weekly time spent by managers dealing with regulation. The reliability of the public infrastructure is captured by the number of power outages suffered and a dummy variable for firms that have a generator. Corruption is captured by a dummy variable for whether firms in a given industry pay bribes to government officials to "get things done" and the percentage of sales paid as bribes. Finally, potential crime is captured by protection payments made as a percentage of firm sales.
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The aforementioned business environment measures cover the major obstacles to growth and operations faced by manufacturing firms in Bangladesh, as revealed by perceptions' data. 31 Specifically, the major obstacles pointed out by firms are (a) corruption (65% of firms), (b) customs (63% of firms), (c) power from the public grid (44% of firms), (d) business licensing and operating permits (22% of firms), frequent changes in government regulation and regulatory policy (16% of firms), and other bureaucracy-related aspects (e.g., fire department or environmental permits). Although crime is not among the top obstacles, it is crucial for 13% of firms. We are confident to be covering the most crucial aspects of the business environment for firms in Bangladesh, however our TFP regressions could suffer from an omitted variables' problem if other relevant obstacles are not accounted for because they were not included in the list of issues covered by the survey questionnaire. 30 In the survey questionnaire, (i) "get things done" was explained as bribes needed for firms to resolve issues related to customs, taxes, regulations, and services and (ii) protection payments are those to organized crime to prevent violence. We use firm values for the ratio of protection payments to sales in the regressions. 31 Firms in Bangladesh were asked to rank 28 business environment issues according to their degree of obstacle to firm operations and growth. The results from these rankings are available upon request.
Panel E of Appendix Table 3 
Main Results
In this section, we discuss our findings on the determinants of firm TFP. As mentioned earlier, Eq. (2) may suffer from a multicollinearity problem since it includes multiple determinants of TFP that may be correlated. To address this problem, we show in Appendix Table 4 the results from regressions of firm TFP on a single determinant at a time, in addition to basic controls. The sign and significance of the effects in those regressions are similar to those in the regressions including multiple determinants. Thus, the concern of a multicollinearity problem is mitigated.
We focus first on the role of firm size and firm age for TFP. Theoretical models of industrial dynamics with firm heterogeneity predict that more productive firms are larger (Jovanovic, 1982) . Also, several stylized facts have been established for developed countries on the impact of the life-cycle on manufacturing firms' TFP (Bartelsman and Doms, 2000) . Studies based on U.S. data find that firms generally enter an industry with a small size and low productivity. The firms that survive grow and converge quickly to the average size and productivity in the industry. It is not clear whether in a low income country like Bangladesh, the same type of stylized facts holds. Our analysis is a first step in uncovering the effects of life-cycle on TFP for manufacturing firms in Bangladesh. In Table 4 , we find that, relative to the extremely large-sized firms (more than 500 workers), firms of smaller sizes are more productive. 32 Specifically, medium-sized firms (10-50 workers) are the most productive firms, on average 32% more productive than extremely large-sized firms. The size category for which the TFP advantage relative to extremely large-sized firms is smaller is the very large-sized firms (150-500 workers). This finding is robust across specifications. In unreported regressions where firm size enters as a continuous variable measured by total employment, we also obtain the same qualitative result, i.e., larger firms have lower TFP. While total employment is a commonly used measure of firm size, one can argue that a firm's total capital stock is a better measure of size. Our findings are also robust to the use of the capital stock as the measure of firm size. Thus, in Bangladesh the larger firms are not the most productive. In fact, firms that are too large may suffer from inefficiencies in terms of coordination, management, and supervision resulting from poor corporate management and a lack of qualified middle managers. 33 Our findings are broadly in line with those for other developing countries for which there is no evidence of a strong size disadvantage for firm productivity (Tybout, 2000) .
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An important remark should be made at this stage. Our sample is skewed towards larger firms and includes only a small number of small firms. The small firms included are likely to be particularly efficient since they have survived and are part of the same business associations as the "bigger players" in their industry. Thus, the focus of our findings on size and TFP should be on the comparison across size categories for mediumsized and particularly for large-sized firms (i.e., those with more than 50 workers). The 32 In Tables 4-5 , the number of observations in each regression (each column) differs as it depends on the number of firms that have non-missing values on all the determinants of TFP included. 33 Anecdotal evidence from conversations with firm managers suggests that this problem is particularly serious in Bangladesh. 34 Van Biesebroeck (2005) finds that TFP increases monotonically with size for firms in nine African countries. However, since he classifies as large all firms with more than 100 employees, we cannot establish a direct comparison of our results with his. In our sample such firms can belong to (i) the relatively large size category, (ii) the very large size category, or (iii) the extremely large size category, and (i) exhibits much higher TFP than (ii) or (iii).
findings on firm size and TFP suggest that firms with the largest market shares have low productivity and thus help rationalize the findings in Section 2.2.3 of an inefficient allocation of resources in several industries.
Our findings suggest an inverse-U shaped relationship between firm age and TFP that is very robust across specifications. A clear ranking of firm TFP across age categories can be established. The most productive firms are those that are either 10-20 years old or 20-40 years old, followed by firms that are 5-10 years old, then by firms that are more than 40 years old, and finally by firms that are less than 5 years old. 35 This inverted U-shaped life-cycle pattern suggests that firms start at low TFP while they are young, then they learn e.g., by doing, by undertaking new investments, by participating in international markets, or by realizing economies of scale as they age which can increase TFP. After a certain age -around 40 years old in our sample -their technology, modes of production and operations likely become outdated and their TFP advantage erodes.
Our findings are broadly consistent with the predictions from industrial evolution models of young firms entering the industry at low productivity then growing and converging to the average productivity in the industry. Our findings for the monotonically increasing part of the inverted U-shape relationship between age and TFP are consistent with evidence for firms in the U.S. (Jensen et al., 2001) Next, we discuss the findings on the five types of determinants of TFP described in Section 3.2. We should note that these five types of determinants are very relevant for firm TFP, they account for about 70% of variation in firm TFP and they are jointly as well as separately (each of the 5 types) significant in all the specifications. 35 In unreported regressions that allow for a non-linear relation between age and TFP (including age and age squared as continuous variables), we find that TFP increases with firm age but at a decreasing rate. 36 Both studies find that TFP is higher for firms belonging to younger age groups relative to firms belonging to older age groups.
We find an important impact of the quality of the firm's human capital on TFP.
Firms which employ a higher fraction of skilled workers are significantly more productive. In unreported regressions, we also find that firms with a higher fraction of college-educated workers have higher TFP. Firms with more experienced and more educated managers are more productive than other firms. These results point out to the importance of human capital formation for the performance of manufacturing firms.
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The findings on the role of manager quality for firm TFP are interesting per se, but they also strengthen our findings on the other determinants of TFP. Our econometric specifications suffer the following potential endogeneity problem that better managers lead their firms to achieve higher TFP but simultaneously influence some of the determinants of TFP such as, e.g., exports, skills of the workforce, or access to finance.
Since our regressions control for managerial education and experience, we argue that the effects of other determinants on TFP are not driven by unobserved managerial ability.
The results in Table 4 show the important benefits for firm TFP of integration into world markets. Firms with foreign ownership are about 10% more productive than other firms. This finding is obtained in regressions that control for industry, location, and year fixed effects, and hence is not driven by macroeconomic fluctuations (i.e., business cycles in the FDI-sending countries could make some years more prone to foreign investment), nor by a composition effect (i.e., certain industries are more prone to receive FDI), and it is also not driven by a location effect (i.e., FDI firms are more likely to locate in certain regions such as EPZs). 38 Our findings suggest that foreign-owned firms in
Bangladesh have an advantage in terms of both tangible assets (e.g., better technology) as well as intangible assets (e.g., better access to distribution and marketing channels and networks) relative to domestically-owned firms.
Our findings also highlight very important benefits of exporting for firm TFP. In columns (1) and (4) of Table 4 , the regressions include a dummy variable identifying firms engaged in export markets whose estimated effect on TFP is positive and 37 Our findings on the importance of manager education and experience are qualitatively similar to those in Burki and Terrell (1998) and in Lall and Rodrigo (2001) for firms in Pakistan and in India, respectively, despite methodological differences relative to our study in the estimation of productivity. Both studies use data envelopment analysis to obtain efficiency measures for firms. 38 Our findings mirror those obtained by Kee (2006) using a subsample of our dataset for the ready-made garments industry.
significant. The regressions in columns (2) and (5) of Table 4 include a dummy variable identifying only firms that export the majority of their output. One could argue that firms which export a small percentage of their output are only marginally involved in exporting and thus have less scope for learning and receiving all the benefits from the participation in export markets. However, the results in columns (1) and (4) are quite similar to those in columns (2) and (5) and show that, within industries and locations, exporters -whether they are majority or not -are 9 to 10% more productive than non-exporters. The TFP advantage of exporters may be due to technological learning from foreign buyers but also to the possibility that exporters improve their own technological capabilities in order to exploit profitable opportunities in export markets. 39 This strong positive association between TFP and the participation in export markets could reflect a self-selection of better firms into export markets, rather than the effect of exporting on TFP. 40 Selfselection and learning-by-exporting are not mutually exclusive hypotheses though, as firms with high TFP that can afford the sunk costs of entry into export markets may continue to improve TFP as a result of their exposure to exporting. Exporters face several challenges that likely result in learning-by-exporting and consequent improvements in firm TFP. Exporters need to solve new problems such as adopting stringent technical standards to satisfy more sophisticated consumers, or introducing more efficient machinery. Moreover, exporters are more pressured to meet orders in a timely fashion and ensure product quality for export markets that are more competitive than the domestic market. To better examine the presence of learning-by-exporting effects on firm TFP in Bangladesh, we follow Fernandes and Isgut (2006) and include in the regressions in columns (3) and (6) of Table 4 a measure of export experience -the number of years that a firm has exported -instead of export participation measures. Firms with longer experience in export markets have significantly higher TFP. Firms producing with a larger fraction of new machinery (less than 5 years old)
are significantly less productive than firms using older machinery. Also, firms operating with a larger share of computerized machinery have significantly lower TFP. These two findings on the impact of technology factors on firm TFP are counter-intuitive in light of the widely accepted idea that the accumulation of knowledge is a key determinant of TFP. Measurement problems may be to blame. While our direct measures of technology proxy for the sophistication, quality, and efficiency of the machines and production processes used by the surveyed firms, they leave much unmeasured, namely the intangible capital components of technology. We exploit further the role of technologyrelated factors by considering the interaction between R&D and technology in their effect on firm TFP. As Cohen and Levinthal (1989) argue, R&D activities perform two roles: (i) they stimulate innovation but also -and possibly more importantly in the case of Bangladesh -(ii) they develop a firm's ability to identify, assimilate and exploit outside knowledge. Table 4 shows that firms with an overdraft facility or credit line have significantly higher TFP. In contrast, firms with access to a bank loan have significantly lower TFP. In our sample, access to loans and overdrafts is more common among relatively large-sized firms than among smaller firms. 44 In fact, there is widespread evidence of a correlation between firm size and access to finance. 45 However, our finding that firms with access to a bank loans have lower TFP is also obtained when we reestimate the regressions excluding size. Thus, the negative effect of the loan dummy is not driven by the correlation between firm size and access to finance. In unreported regressions, we also find a negative correlation between the percentage of new investments financed by banks and related institutions and firm TFP but a positive 42 The implied marginal effect of new machinery (computerized machinery) is equal to the coefficient on the percentage of machinery less than 5 years old (computerized machinery) plus the product of the coefficient on the interaction term and the average of the R&D staff dummy. 43 Qualitative similar results to those shown in Table 5 are obtained when using the share of collegeeducated workers as the measure of worker human capital. Note that regardless of how the technology variables are entered the findings on other determinants of TFP are similar across Tables 4 and 5 . 44 However, access to bank finance is more common among relatively large-sized firms than among very large-sized firms (the largest size category). 45 Size is often a proxy for financing constraints (Beck, Demirgüç-Kunt, and Maksimovic, 2005) .
correlation between the percentage of working capital financed by banks and related institutions and firm TFP. Finally, if there is a strong correlation between the overdraft dummy and the loan dummy, the findings on access to finance and firm TFP could be driven by multicollinearity. While there is some overlap between the firms with an overdraft and the firms with a loan, we still find a positive effect of the access to an overdraft facility and a negative effect of the access to a bank loan on firm TFP in unreported regressions that include only one of the variables measuring access to finance. 46 Interestingly, Van Biesebroeck (2005) finds a similar positive association between access to overdrafts and TFP and a negative association between access to loans and TFP for firms in Africa. Overall, our findings suggest that access to short-term finance -such as that provided by an overdraft facility or a line of credit to address working capital and day-to-day business needs -has a positive impact of TFP, while the access to long-term finance has a negative effect on TFP. These surprising findings may reflect inefficiencies of the banking sector in Bangladesh and deserve further analysis beyond the scope of this paper. However, they should by no means be taken as evidence that access to external finance is not relevant for firm performance.
Turning to business environment factors, Table 4 shows the crucial obstacle for firm TFP posed by poor infrastructure in Bangladesh. Firms in industries and locations experiencing a larger number of power outages in a year have significantly lower TFP.
The coefficient in column (2) suggests that a firm belonging to an industry and location with 1% more power outages than other industry-location cells, has more than 8% lower TFP. 47 It is possible that poor electricity supply hurts less strongly those firms that have purchased a generator. In columns (4)-(6) of Table 4 , we show the results from estimating a variant of Eq. (2) where we allow the number of power outages to affect TFP individually and interacted with a dummy for firms owning a generator. The results show that the TFP of firms owning a generator suffers actually more due to power outages than the TFP of firms that do not own a generator. 48 Overall, we can confidently conclude that 46 The correlation between overdraft and loan dummies is 0.18, significant at the 1% confidence level. 47 Since the dependent variable in the regressions is the logarithm of TFP, we can interpret the coefficient on the logarithm of the number of power outages as an elasticity. 48 The effect of power outages for the TFP of firms which own a generator is the sum of the coefficient on the power outages for all firms plus the coefficient on power outages interacted with the dummy for owning a generator.
the constraints to firm TFP posed by poor electricity supply in Bangladesh are extremely severe. Our findings parallel those obtained by Dollar et al. (2005) which study the importance of business environment factors for the TFP of ready-made garments firms in Bangladesh, China, India, and Pakistan.
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The results in Table 4 also show an important negative effect of crime on TFP.
Firms making larger protection payments are significantly less productive than other firms. We assume that larger protection payments to be "spared" from organized crime are a proxy for an environment with more potential crime. In unreported regressions, we also find a negative effect of the ratio of security expenses to sales when that variable is the measure for crime.
Heavier bureaucracy and red tape in an industry and location seem to be associated with higher firm TFP, according to the estimates in Table 4 . While the effects of the number of days taken to clear customs on TFP are very small and insignificant, the effects of the percentage of time that firm managers must spend dealing with regulations on TFP are actually strong and significant. Also, the results in Table 4 suggest that firm TFP is higher in industries and locations where firms pay a larger percentage of their sales in bribes to get things done. In unreported regressions where we include the percentage of firms in each industry-location cell paying bribes to get things done as the measure of corruption, we also find that firm TFP is higher in industries and locations that have a larger fraction of firms paying bribes.
We interpret the findings on bureaucracy and corruption as reflecting reverse causality. First, better performing firms are likely to be more visible to government officials and thus become more subject to inspections or visits. Moreover, firms with higher productivity are likely to be involved in more activities requiring government permits or meetings with officials such as investments for expansion, exports, etc.
Second, as argued by Svensson (2003) and Fisman and Svensson (2005) if government officials have discretion in implementing or enforcing regulations, then they will 49 However, our findings differ from those obtained by Hallward-Driemeier, et al. (2003) for Chinese firms in several industries. That study finds no effect of electricity infrastructure on TFP. The difference in results in very likely due to the difference in levels of development of the two countries, and to the fact that physical infrastructure no longer constitutes a bottleneck for growth of Chinese firms, while it is still very relevant for Bangladeshi firms.
customize the amount of harassment on firms to extract bribes and try to extract as high a bribe as possible from firms with a larger ability to pay. Irrespective of their size, more productive firms have a larger ability to pay bribes to cut through bureaucratic hassles, while less productive firms cannot do it. Our positive effect of corruption on firm TFP suggests that indeed the industries and locations with more productive firms are more targeted by government officials, thus the opportunities for bribe-seeking behavior are larger and firms end up paying more bribes. 
Conclusion
This paper uses data from a recent survey of manufacturing firms in Bangladesh to obtain consistent firm time-varying TFP measures for the period 1999-2003 following Olley and Pakes (1996) and empirically investigate the determinants of firm TFP levels.
Second, our econometric results identify important determinants of firm TFP, controlling for industry, location, and year fixed effects. Smaller firms are significantly more productive than firms in the largest size category (more than 500 workers). Firm age and TFP exhibit an inverse-U shaped relationship. Firms with a more educated or more skilled workforce and more educated or more experienced managers are more productive. Our findings point out to several key areas of policy relevance in which improvements are likely to bring benefits for firm TFP in Bangladesh. The acceleration of infrastructure development seems to be a crucial business environment reform to 50 This argument assumes that more productive firms can be identified by government officials.
pursue. Policies promoting human capital formation at various levels can have very important benefits for firm TFP. Progress in international integration of firms into world markets either through their participation in export markets or by the attraction of foreign-capital is also likely to have large payoffs in terms of TFP. However, note that our framework does not allow one to conclude which policy would be more costeffective. Future work in that direction would be fruitful.
Finally, we should mention that while this paper conveys valuable information on the dynamics of firms in five manufacturing industries in Bangladesh, it is based on a survey that covers relatively large firms. Pursuing a similar type of analysis using manufacturing census data -collected in a comprehensive and regular fashion -will be even more valuable. Such data collection efforts can have large payoffs for policy-makers as they enable them to closely follow the trends in manufacturing firms' performance and generate appropriate policy responses when necessary. Med. TFP Gr. Med. Sales Gr. Med. Employment Gr.
Med. Materials Gr. Med. Capital Stock Gr.
Textiles Industry
Note: For each industry and year, the figure shows the median firm growth rates of TFP, output, and inputs. Notes: Robust standard errors in parentheses in the columns with OLS estimates. ***, **, and * represent significance at 1%, 5%, and 10% confidence levels, respectively. FE stands for fixed effects estimates and OP stands for Olley and Pakes (1996) estimates. Notes: OLS estimation is used. Robust standard errors in parentheses. ***, **, and * indicate significance at 1%, 5%, and 10% confidence levels, respectively. The omitted size category is extremely large firms (more than 500 workers) and the omitted age category is firms less than 5 years old. Notes: OLS estimation is used. Robust standard errors in parentheses. ***, **, and * indicate significance at 1%, 5%, and 10% confidence levels, respectively. The omitted size category is extremely large firms (more than 500 workers) and the omitted age category is firms less than 5 years old.
Appendix
A1. Variables' and Outliers' Definitions
The firm survey data used in the analysis covers most of the major industries in Bangladesh: ready-made garments, textiles, food, chemicals, and leather products, according to the data on Bangladesh in the UNIDO industrial database in 1997. The central registry of manufacturing firms was outdated at the time of the survey. Hence, for each industry, the sample was drawn resorting to a different data source. For the readymade garments industry, a stratified random sample was drawn based on the rich BGMEA directory of RMG firms. For the other industries, random samples were drawn based on the most recent list of firms from the corresponding business associations. Strict quality control criteria were applied during the data collection and data processing phases. However, the final dataset of 682 firms includes some anomalies. We eliminated from the estimating sample: a)
firms that report being subcontracted. These firms do not purchase materials themselves and thus do not fit into our framework of production function estimation with an optimizing firm making input and output decisions. b) firms that were opened at the beginning of the sample period, closed during the sample period and then re-opened at the end of the sample period since they lack lagged observations on inputs and output needed for production function estimation. c) firms that were outliers because they had year-to-year growth rates in at least one of three crucial ratios (real sales to total workers, real material costs to total workers and capital to total workers) larger (smaller) than 150% (-150%).
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d) firms with clear data entry errors in some of the production variables. The variables used for production function estimation are defined as follows: a) Output is given by nominal sales (converted to USD using the average exchange rate in the IFS statistics (IMF)) deflated by a firm output price index (with base 1990). This output price index is based on a survey question that asks firms to report the percent change in the price of its main products from year to year. For the few firms that do report these price changes, we deflate their sales by the average change in output price in their industry. b) Employment is given by the total number of workers working at the firm. c) Materials is given by nominal materials costs (converted to USD using the average exchange rate in the IFS statistics (IMF)) deflated by a firm materials price index (with base 1990). This materials price index is based on a survey question that asks firms to report the percent change in the price of its main materials from year to year. Some firms do not report data on those price changes. For the few firms that do report these price changes, we deflate their materials by the average change in output price in their industry. d) Capital is obtained summing real investment (converted to USD using the average exchange rate in the IFS statistics (IMF)) over time using the perpetual inventory method formula: I are, respectively, the book value of fixed assets and the real investment in the first year the firm is in the sample (both were first converted to USD using the average exchange rate in the IFS statistics (IMF)). When firms have zero investment in their first year in the sample, we replace that formula by:
A2. Production Function Estimation
We estimate Cobb-Douglas production function separately for each industry following the methodology proposed by Olley and Pakes (1996) which is derived from a dynamic profit maximization problem for the firm. The estimating equation is given by:
where i designates a firm and t designates a year. Y it is output, L it is labor, M it is materials, K it is capital, and it ω is productivity known to the firm, and it ε is a mean-zero shock that uncorrelated with the input choices and unknown to the firm. While both it ω and it ε are unknown to the researcher, it ω is a state variable to which a firm adjusts its variable input choices (labor and materials). Capital is assumed to be a state variable which is affected only by the expected value of productivity it ω , conditional on productivity at t-1. The correlation that results between the composite error it it ε ω + and the inputs causes OLS estimates of the production function coefficients to be biased.
In the first part of Olley and Pakes' methodology, we obtain coefficients on the variable inputs using semi-parametric techniques. We use investment -an observable firm characteristic -to proxy for the unobservable firm productivity. From the dynamic profit maximizing problem, firm investment I it depends on the state variables -capital and firm productivity:
(A2) This investment function is assumed to monotonically increasing in productivity, conditional on capital. Thus, it can be inverted to express the unobserved productivity as a function of observables -capital and investment: ) , (
(A3) Inserting this expression for productivity into Eq. (A1) results in the semi-parametric equation: 
replacing the unknown function (.) t φ by its estimate it P given by the aforementioned polynomial evaluated at the estimated coefficients. Since K it+1 is known at the beginning of year t+1 and 1 + it μ is mean independent of all variables known at the beginning of year t+1, this implies that K it+1 is uncorrelated with 1 + it μ . Thus, an unbiased estimate of the coefficient on capital can be obtained estimating Eq. (A6) by non-linear least squares. If the sum of the production function coefficients on labor, materials, and capital is larger than one, then the industry has increasing returns to scale.
Using the consistent production function estimates, firm TFP measures for each firm and year are computed as the residuals from Eq. (A1):
. The inversion of the investment function (Eq. (A2)) can be done only if investment is positive in all years. Thus, for each industry, the production function coefficients are estimated based on a sample that includes only firms with positive investment in all years. 54 However, following Olley and Pakes (1996) , we compute TFP measures for all firms (that are not outliers) even those with zero investment in some or all years.
Industry TFP is obtained as the weighted average of firm TFP, with weights given by firms' shares in total sales of the industry as follows: 0 . 9 6 0 . 9 6 0 . 9 6 0 . 9 6 0 . 9 6 0 . 9 6 0 . 9 6 0 . 9 6 0 . 9 6 0 . 9 6
Notes: Robust standard errors in parenthesis. ***, **, and * indicate significance at 1%, 5%, and 10% confidence levels, respectively. The omitted size category is extremely large firms (more than 500 workers) and the omitted age category is firms less than 5 years old.
